The economic development of China's coastal areas is being constrained by resources and the environment, with sustainable development being the key to solving these problems. The data envelopment analysis (DEA) model is widely used to assess sustainable development. However, indicators used in the DEA model are not selected in a scientific and comprehensive manner, which may lead to unrepresentative results. Here, we use the driver-pressure-state-welfare-response (DPSWR) framework to select more scientific and comprehensive indicators for a more accurate analysis of efficiency in China's coastal area. The results show that the efficiencies of most provinces and cities in China's coastal area have a stable trend. In the time dimension, efficiency was rising before 2008, after which it decreased. In the spatial dimension, China's coastal provinces and cities are divided into three categories: high efficiency, low efficiency, and greater changes in efficiency. By combining DPSWR and DEA, we produce reliable values for measuring efficiency, with the benefit of avoiding the incomplete selection of DEA indicators.
Introduction
With rapid economic development exhausting land resources, people have begun focusing on the sea [1] , which is becoming increasingly important for sustaining the economy [2, 3] , especially in China [4] . The Marine Society of China is in a stage of all-round development; however, is remains subject to certain problems, such as insufficiency in the basic strength of the sea, the imbalance of regional development, and the deterioration of the marine ecological environment [5] . To realize the sustainable development of the sea, it is necessary to understand the current status of sustainable development of the marine environment. The data envelopment analysis (DEA) model constructs the objective function skillfully, and transforms the fractional programming problem to a linear programming problem through the Charnes-Cooper transform (C 2 -Transform), without the requirement of the dimension of a uniform index and input-output weights. This capability improves the objectivity of the evaluation of decision-making units. Thus, the DEA model is suitable for assessing the sustainable development of marine ecological economy, which has both environmental and economic problems [6] .
Many studies on marine efficiency have applied the DEA model, with most studies focusing on fisheries, shipbuilding, and port logistics. Zheng and Zhou measured the fishing capacity of Chinese marine fleets through peak-to-peak (PTP) and DEA methods [7] . Griffin and Woodward determined contain 38% of the country's population ( Figure 1) . Consequently, social, environmental, and other issues remain a problem. Figure 1 . Development of China's 11 coastal provinces and cities. Note: Sansha city was founded in 2012; thus, data were lacking, resulting in our excluding this city from the analyses.
Methods

DPSWR Framework
The DPSWR framework was established based on the DPSIR framework, which was developed from the pressure-state-response (PSR) framework of the Organization for Economic Cooperation and Development [26] by the European Environmental Agency [27] . The DPSIR framework has been widely applied to structure information and identifying important relationships [28] , due to its ability to capture the cause-effect relationships among the sectors of social, economic, and environmental systems [29] [30] [31] [32] [33] . Although the DPSIR framework has been applied to many parameters, defects have gradually emerged. For instance, it is difficult to understand the definition of its information level, and it is difficult to perform the economic interaction analysis between the social and ecological system [34] . Bowen and Riley suggested the inclusion of welfare in the DPSIR framework [35] . Subsequently, Cooper modified the DPSIR model, and proposed the DPSWR model [36] . Gilbert et al. analyzed marine spatial planning and good environmental status using spatial and temporal dimensions produced by the DPSWR framework [37] . The DPSWR framework assumes that its core five indicators have a "ring" relationship with a single direction; however, these five indicators are interrelated (see Figure 2a) . Furthermore, the indicators also have a bidirectional relationship. Similar to DPSWR, one of the main aims of the DPSIR framework is to evaluate efficiency [27, 28] . Therefore, in the present study, we constructed the DPSWR efficiency framework based on inputs and outputs (see Figure 2b) . The solid lines and dotted lines all represent the link between the various indicators; however, solid lines represent the direction, which is based on the direction of input-output relationships, and has been discussed in this paper. We can consider that Figure 2b is the result of the change in Figure 2a , and the solid lines in Figure 2b highlight the contents of this study. To understand the rationality combining the DPSWR framework with the DEA model, along with the selection of inputs and outputs, we deconstructed the DPSWR framework from the ring structure to form a linear structure, and we connected annual DPSWR together ( Figure 3 ). State and welfare represent the final results of the DPSWR, while driving force, pressure, and the response of the previous year represent necessary input elements for the final results. In the DPSWR framework, driving force represents changes to the economy and ecological environment; pressure represents the resources consumed by humans; response represents the positive policies and measures formulated by humans to address economic and ecological environment changes. Thus, we selected driving force, pressure, and response as inputs. State represents the status of the economic and ecological environment, and welfare represents the final results of economic changes. Thus, we selected state and welfare as outputs.
DEA Model
The DEA model was proposed by two American operation researchers, A. Charnes and W. W. Cooper, in 1978 to assess relative efficiency [38] . DEA is being increasingly used in a wide range of fields, because it provides a simple way to deal with the relative efficiency of inputs and outputs [39] . However, classical DEA methods measure efficiency based on the CCR model and BCC model suggested by Farrell [40] . These models belong to the radial and linear segment measurement theory, and do not consider the effect of relaxation, which may lead to errors in the measures of efficiency. In comparison, the classical DEA method does not incorporate the external environment and random error of the main body; consequently, the resulting efficiency score may underestimate or overestimate the actual level of efficiency [41] . Subsequently, Tone, Fukuyama, and Weber proposed a non-radial and non-angle efficiency evaluation model, by introducing input and output To understand the rationality combining the DPSWR framework with the DEA model, along with the selection of inputs and outputs, we deconstructed the DPSWR framework from the ring structure to form a linear structure, and we connected annual DPSWR together ( Figure 3 ). State and welfare represent the final results of the DPSWR, while driving force, pressure, and the response of the previous year represent necessary input elements for the final results. To understand the rationality combining the DPSWR framework with the DEA model, along with the selection of inputs and outputs, we deconstructed the DPSWR framework from the ring structure to form a linear structure, and we connected annual DPSWR together ( Figure 3 ). State and welfare represent the final results of the DPSWR, while driving force, pressure, and the response of the previous year represent necessary input elements for the final results. In the DPSWR framework, driving force represents changes to the economy and ecological environment; pressure represents the resources consumed by humans; response represents the positive policies and measures formulated by humans to address economic and ecological environment changes. Thus, we selected driving force, pressure, and response as inputs. State represents the status of the economic and ecological environment, and welfare represents the final results of economic changes. Thus, we selected state and welfare as outputs.
The DEA model was proposed by two American operation researchers, A. Charnes and W. W. Cooper, in 1978 to assess relative efficiency [38] . DEA is being increasingly used in a wide range of fields, because it provides a simple way to deal with the relative efficiency of inputs and outputs [39] . However, classical DEA methods measure efficiency based on the CCR model and BCC model suggested by Farrell [40] . These models belong to the radial and linear segment measurement theory, and do not consider the effect of relaxation, which may lead to errors in the measures of efficiency. In comparison, the classical DEA method does not incorporate the external environment and random error of the main body; consequently, the resulting efficiency score may underestimate or overestimate the actual level of efficiency [41] . Subsequently, Tone, Fukuyama, and Weber proposed a non-radial and non-angle efficiency evaluation model, by introducing input and output In the DPSWR framework, driving force represents changes to the economy and ecological environment; pressure represents the resources consumed by humans; response represents the positive policies and measures formulated by humans to address economic and ecological environment changes. Thus, we selected driving force, pressure, and response as inputs. State represents the status of the economic and ecological environment, and welfare represents the final results of economic changes. Thus, we selected state and welfare as outputs.
The DEA model was proposed by two American operation researchers, A. Charnes and W. W. Cooper, in 1978 to assess relative efficiency [38] . DEA is being increasingly used in a wide range of fields, because it provides a simple way to deal with the relative efficiency of inputs and outputs [39] . However, classical DEA methods measure efficiency based on the CCR model and BCC model suggested by Farrell [40] . These models belong to the radial and linear segment measurement theory, and do not consider the effect of relaxation, which may lead to errors in the measures of efficiency. In comparison, the classical DEA method does not incorporate the external environment and random error of the main body; consequently, the resulting efficiency score may underestimate or overestimate the actual level of efficiency [41] . Subsequently, Tone, Fukuyama, and Weber proposed a non-radial and non-angle efficiency evaluation model, by introducing input and output slack in the objective function [42, 43] . Based on environmental production technology, Tone constructed the slacks-based measure (SBM) model, which contains the unexpected output [42] . The main difference between this model and the classical CCR and BCC models is that the objective function contains the slack variables. Therefore, the problem of non-zero relaxation of input or output was solved, and the unexpected output of the production process was also solved [44] . However, these changes failed to resolve the problem of effectively distinguishing the efficiency of the decision making unit (DMU). Based on the SBM model, Tone proposed the Super-SBM efficiency model [45] , with the following mathematical expression:
s.t.
where ρ represents the efficiency value, while N, M, and I represent the number of inputs, expected outputs, and unexpected outputs, respectively. (s i , s x n , and 0 < ρ ≤ 1. The production unit is fully effective, whereby ρ = 1, while the production unit has efficiency loss when ρ < 1.
Kernel Density Estimation
For small sample events, it is not accurate to estimate the density function [46] , with kernel density estimation representing a good solution to this problem as a non-parametric density estimation method [47] [48] [49] . For a random sample x 1 , x 2 , . . . , x n , the form of kernel density estimation is:
In the formula, K(
) is a weighted function, and the Gaussian kernel is used here according to the intensity of the packet data. The Gaussian kernel is expressed as
e − 1 2 t 2 . Based on Silverman [50] , we choose the bandwidth, h, equals 0.9Sn − 0.8, which has greater versatility.
Hierarchical Cluster
The clustering process of hierarchical clustering, which is also called system clustering, is widely used [51] , and is performed at a certain level. There are two types of hierarchical clustering: Q clustering and R clustering. Q clustering is used to cluster the samples, which are clustered together with similar characteristic values. R clustering is the clustering of variables, which are clustered together. Here, we used R clustering, with Euclidean distance as the fixed distance type variable:
A distance matrix is formed when
where d ij = d ji , and d ij is the distance of i and j. According to the requirement of the Euclidean distance method, the Ward's method which combined sum of squares of deviations together, is used for clustering. After G p and G q are combined into G r , the recursive formula for the distance from the G k is:
where n p , n k , n r , and n q are samples of G p , G k , G r , and G q , respectively.
Indicators
Selection of Indicators
Fourteen percent of the territorial area of China's coastal areas support 38% of the country's population, which is still increasing at a high rate. Thus, the high density and high growth rate of the coastal population is the main driving force for the development of marine economy and ecology. Here, we selected two indicators, natural population growth rate and population density, which reflect the problem of the high density of the population that we are currently facing. Since the population continues to increase, it must be addressed in coastal areas. In parallel, the population also reflects the situation of labor, corresponding to the use of labor as investment in the DEA model. Tourism and fisheries represent two other driving forces of development in coastal areas. Tourism, fisheries, and aquaculture reflect the driving force for natural resource endowment in various coastal provinces. China has always been committed to improving the level of urbanization, and urbanization reflects the momentum of economic development as a driving force.
Pressure originates from two sources, energy consumption and the destruction of the marine environment caused by human economic and social activities. Here, we selected three indicators to describe energy consumption; namely, per capita water use, per capita electricity consumption, and GDP energy intensity. Water and electricity consume most of the energy in agriculture and industry. GDP energy intensity is the main index to reflect the level of energy consumption and the condition of energy saving and consumption reduction. This indicator shows the extent of energy utilization in a country's economic activities, and reflects the change of economic structure and energy use efficiency. We also selected two indicators to describe destruction; namely, wastewater discharge and solid waste discharge. Wastewater discharge, gas waste discharge, and solid waste discharge inform the industries formed the main pressure for the environment. The data on industrial waste gas emission are relatively lesser, so only wastewater discharge and solid waste discharge were selected for this study. Furthermore, energy consumption and destruction of the marine environment represent the energy and environmental capital input in the DEA model.
Under the influence of driving force and pressure, state describes the present situation of China's coastal areas. Here, we selected four indicators to describe the economic situation; namely, marine secondary industry specific gravity, marine tertiary industry specific gravity, marine comparative labor productivity (CLP), and the proportion of the Gross Ocean Product in the Gross Regional Product. Marine secondary industry specific gravity and marine tertiary industry specific gravity can reflect the marine industrial structure in a coastal area. Marine comparative labor productivity (CLP) refers to the production capacity of each employee in the unit of time according to the value of production. It is an important indicator of the economic activity of an enterprise, and of the comprehensive performance of enterprise production, technology level, management level, technical proficiency, and labor enthusiasm of the workers. The formula for CLP is as follows:
In this formula, GOP i represents the GOP of the region i, and LABOR i represents the number of jobs in the region i. The proportion of the Gross Ocean Product in the Gross Regional Product reflects the contribution of marine economy to regional economy. Its formula is as follows:
In this formula,
represents the value added to the GOP of the region i in the year t, and GDP t i represents the GDP of this region. We selected one indicator to describe the ecological situation; namely, water quality. We selected two indicators to describe the situation of society; namely, the Human Development Index (HDI) and Gini Coefficient. Good economic development has provided many favorable factors for the human society, and some of the most important factors are the healthy and long life, the acquisition of knowledge, and a decent living standard. HDI, which includes these three indicators, has been discussed by the United Nations in its 1990 human development report, and has gone through 25 years of continuous improvement. HDI was selected in this study to express the state of society, in order to show the general situation of human health, knowledge, and living standards. The Gini coefficient shows the fairness of social income distribution.
Affected by state, welfare selected the growth rate of the Gross Ocean Product to describe the situation of economic development, per capita Gross Ocean Product as social welfare status, and per capita marine ecosystem services and CO 2 emissions as the ecological status. Gross Ocean Product is the final response to the all the ocean-related economic activities in the national economy. From the accounting framework, the accounting system of GOP is same with the GDP. Moreover, in view of this study being focused on the coastal area, it is more reasonable to choose GOP rather than GDP. The coastal area has been the fastest-growing region in China, which is vital to ocean contribution, and the growth rate of GOP has been greater than GDP in recent years in China. Therefore, in this study, the growth rate of GOP was selected to represent the economic development in coastal areas. However, when we selected the indicators to represent the level of social development, their statistical data reflecting the ocean-related per capita disposable income were unavailable. The principle that, under normal circumstances, greater per capita GDP means greater per capita disposable income is also true in coastal areas; thus, greater per capita GOP means greater ocean-related per capita disposable income. Therefore, we selected the per capita GOP to reflect the level of social welfare in coastal area. The marine ecosystem service is the benefit that people derive from the marine ecosystem directly or indirectly; therefore, the per capita marine ecosystem services were selected to represent the ecological benefits of coastal areas in this study.
Among these parameters, CO 2 emissions represented negative indicators, representing the adverse effects caused by ecological destruction (e.g., vegetation damage) and the excessive use of fossil fuels. This paper regards CO 2 emissions as a negative indicator, and takes the algorithm of negative indicator in the process of standardization of indicators. This means that when the value of CO 2 emission is higher, the welfare level is poorer. Conversely, the lower the value of CO 2 emission, the higher the welfare level. An important criterion for measuring the quality of people's lives is the quality of the air. CO 2 emission is directly related to air quality. Additionally, the negative indicators of CO 2 emission can be used to measure the level of the welfare brought by the temperature, because CO 2 emission is the main cause of the greenhouse effect and global warming.
For response, two indicators were selected to describe the change of economic development; namely, the degree of contribution of the marine industry and marine industrial structure change index. These parameters correspond to marine secondary industry specific gravity, marine tertiary industry specific gravity, and the proportion of the Gross Ocean Product in the Gross Regional Product in the state. Three indicators were selected to describe social progress with respect to the degree of openness, science and technology, and education; namely, international tourism (foreign exchange) income, revenue of marine scientific research institutions, and the status of education. Three indicators were selected to describe the response to poor ecological environment; namely, investment in environmental protection, marine reserves in coastal regions, and wastewater treatment rate.
Contribution degree of the marine industry. In May 2003, the strategic aim of "gradual establishment of powerful marine country" was definitely launched in "National Marine Economy Development Plan", which guided China in the approach of implementing marine development and opening up of marine economy. In 2012, eighteen major reports of the Communist Party of China clearly proposed the strategic objectives of "improving the capacity of marine resource development and development of the marine economy". A series of local documents also focus on the development of the ocean. These policy documents put the development of marine economy as the focus of future work, with the hope that the marine economy could promote regional economic development. The result of the implementation of these policies has been to improve the contribution rate of marine industry to regional economic development. Therefore, we selected the contribution degree of the marine industry to express the government's support for the marine development.
Marine industrial structure change index. In the backdrop of the global economic crisis, China is adjusting and upgrading the industrial structure, and the marine industry is no exception. This industry adjustment is not simply to raise the proportion of the tertiary industries, which would have warranted selection of the proportion of tertiary industries as the indicator. For example, Hainan is an important tourist destination in China, and it has a high proportion of tertiary industries. The policy of reform of the industrial structure needs an increase in the proportion of the secondary industries in Hainan. That is the reason we chose marine industrial structure change index, rather than the proportion of the tertiary industries.
International tourism (foreign exchange) income. "China Ocean Agenda 21" and the "National Marine Economy Development Plan" proposed coastal tourism as a key for the marine industry. This indicator not only reflects the government's support for coastal tourism, but also reflects the results of the government policy to improve the ecological environment. The government has introduced a number of policies for the ecological environment, but the extent to which these policies will improve the ecological environment is still unknown. As is obvious, a good ecological environment will attract more people to travel, especially in the coastal areas, which are based on the natural landscape rather than cultural landscape. Therefore, more tourism revenue also indicates a better ecological environment, indirectly. In addition, opening up to the outside world has been a basic national policy of China for a long time, especially in the coastal areas. This is the reason why we choose international tourism (foreign exchange) income, rather than the domestic tourism revenue. Moreover, international tourism (foreign exchange) income was selected as a response indicator because it can reflect the economic development, ecological environment, and the degree of opening to the outside world caused by the implementation of the policy.
Revenue of marine scientific research institutions. The marine economy has already been a new growth point of economic development. In this context, the developed countries in the world regard marine science and technology as the most important factor in accelerating the development of the marine economy, and China is no exception. Marine scientific research institutions are at the forefront of marine science and technology, and the country has invested a lot of money into such institutions. We would also like to include direct capital investment, which China provides to each province and city as an indicator but, unfortunately, reliable data in this regard are unavailable. Therefore, we choose revenue of marine scientific research institutions to reflect the government's policy on marine science and technology.
The four indicators, the contribution degree of marine industry, the marine industrial structure change index, international tourism (foreign exchange) income, and the revenue of marine scientific research institutions, in response of Table 1 are the results of certain responses, rather than responses themselves. Most of the literature describes policy as indicators of response, and some reports directly used the number of policies as a response. There are some problems in this: the effectiveness of each policy is not same and the implementation of the policy has lagged behind. Therefore, if we want to quantify the policy, we can only take the results of the implementation of the policy as indicators. For this reason, in the present study, we selected the results of certain responses rather than the responses themselves. Two indicators, the marine reserves in coastal regions and the education situation are also the result of certain responses, which can reflect the results of the strength of environmental protection and education. Investment in environmental protection and wastewater treatment rate are direct indicators of response, which represent the effort to prevent environmental damage by human beings.
Processing of Indicators
The unit and the degree of importance of each index in the DPSWR framework differ. Thus, we adopted the data entropy method to deal with the data in DPSWR. The calculation steps for the entropy method are:
Original data normalization. If the increase in variable value results in a worse situation:
. If the increase in variable value results in a better situation:
. Where x ij is the standardized value of an indicator for location i; x max and x min are the original values for location i, representing the highest value and the lowest value locations, respectively.
To quantify each index to the same degree, we should calculate the proportion of location i under index j:
, where n represents the number of locations, and m represents the number of indices. Whereby:
Calculate the entropy (e j ) of the index j:
p ij ln(p ij ), where k = 1/ln(n), and e j ≥ 0.
Calculate the coefficient of variation (g j ) of index j: g j = 1-e j .
To normalize the coefficient of variation, calculate the weight (w j ) of index j:
The evaluation score (F i ) of location i is calculated as:
Each indicator and its weight is shown in Table 1 . 
Results and Discussion
Efficiency Evaluation
The efficiency of each region was calculated by MaxDEA software (Beijing, China) for each year by using the evaluation value, which was calculated according to the weight of the entropy method (see Figure 4 for results). To show that there is no linear relationship between the efficiency value and the value of evaluation, we obtained the value for DPSWR (Figure 4 ). 
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Tianjin
Hebei Liaoning Shanghai Jiangsu Zhejiang The evaluation results of DPSWR using the data entropy method showed a steady trend, with minimal differences occurring among the various provinces and cities. Thus, the status of sustainable development was stable, remaining at the same level in China's coastal area. This level was below 0.4, demonstrating that the efficiency analysis is very important and necessary.
Tianjin, Hebei, Guangxi, and Hainan have high efficiencies, which are basically maintained at more than 1. Thus, the efficiencies of these four provinces and cities are relatively effective. The efficiency of Fujian was maintained at 0.6-1, which was comparatively high to the other areas. The efficiencies of Liaoning, Shanghai, Zhejiang, and Guangdong were mostly maintained at 0.4-0.6, indicating a relatively low sustainable development efficiency of these four provinces. The efficiency of Jiangsu remained below 0.4, indicating it is relatively ineffective.
The efficiency in Shandong changed over time. It was relatively ineffective in 2004 (below 0.5), became highly effective from 2005 to 2009 (exceeding 1), and became ineffective again in 2010-2013 (falling below 0.4). We hypothesize that the decline in the efficiency of Shandong after 2009 was caused by an increase in the overall level of sustainable development. The main reason for this phenomenon is because the revenue of marine scientific research institutions, which is an important response indicator, increased more than 10 times from 1847.47 million yuan in 2009 to 18,897.31 million yuan in 2010. In contrast, the state and welfare did not change to a similar degree in this short time, resulting in a decrease in efficiency. However, this result should not be treated with pessimism, because the increase in investment in science and technology will be reflected through various achievements in forthcoming years, with an increase in efficiency representing one of these achievements.
In 2011 and 2012, the whole efficiency of the coastal provinces and cities was more than 0.8, indicating that China's coastal areas were relatively efficient, but that there remained room for growth. To make further comparisons, we analyzed the efficiencies in relation to time and space dimensions. The evaluation results of DPSWR using the data entropy method showed a steady trend, with minimal differences occurring among the various provinces and cities. Thus, the status of sustainable development was stable, remaining at the same level in China's coastal area. This level was below 0.4, demonstrating that the efficiency analysis is very important and necessary.
The efficiency in Shandong changed over time. In contrast, the state and welfare did not change to a similar degree in this short time, resulting in a decrease in efficiency. However, this result should not be treated with pessimism, because the increase in investment in science and technology will be reflected through various achievements in forthcoming years, with an increase in efficiency representing one of these achievements.
In 2011 and 2012, the whole efficiency of the coastal provinces and cities was more than 0.8, indicating that China's coastal areas were relatively efficient, but that there remained room for growth. To make further comparisons, we analyzed the efficiencies in relation to time and space dimensions.
Time Series Analysis
We selected the efficiency results from 2004, 2008, and 2013, and incorporated them in the kernel density estimation using Eviews 8.0 (Denver, CO, USA) (see Figure 5 for the results).
We selected the efficiency results from 2004, 2008, and 2013, and incorporated them in the kernel density estimation using Eviews 8.0 (Denver, CO, USA) (see Figure 5 for the results). The position of the efficiency distribution shows that the efficiency of marine sustainable development shifted to the right and then to the left. This pattern indicates that the efficiency of China's coastal area increased and then decreased. The kurtosis of the efficiency distribution showed that the value of efficiency, which corresponded to the peak, first increased and then decreased. This pattern shows that the proportion of provinces and cities with high efficiency declined, following an initial increase. In parallel, the efficiency distribution showed a development situation from a sharp peak to a wide peak, and returned to a sharp peak again from 2004 to 2013. The kurtosis in 2004 was similar to 2013, which was mostly due to the low efficiency of the provinces and cities. The area that corresponded to the peak of efficiency distribution in 2008 was large, indicating that efficiency improved in most provinces and cities from 2004 to 2008, with noticeable acceleration in provinces and cities with low efficiency.
The time trend of efficiency was basically consistent with the development of China's marine economy. After joining the WTO in 2001 and adopting a more open market accession, China's marine economy developed rapidly after 2003, with 16.05% average growth rate of Gross Ocean Production from 2004 to 2007. However, because China was affected by the global economic crisis, its marine economy developed slowly, with 9.88% average growth rate of Gross Ocean Production from 2008 to 2013. The speed of economic growth affected changes to efficiency, both directly and indirectly, which also explains the change in the efficiency distribution of the time series.
Space Sequence Analysis
We incorporated the efficiency values of each province and city in Equation (6) using SPSS 19.0 (Chicago, IL, USA) software to evaluate the hierarchical clustering (see Figure 6 for results). The position of the efficiency distribution shows that the efficiency of marine sustainable development shifted to the right and then to the left. This pattern indicates that the efficiency of China's coastal area increased and then decreased. The kurtosis of the efficiency distribution showed that the value of efficiency, which corresponded to the peak, first increased and then decreased. This pattern shows that the proportion of provinces and cities with high efficiency declined, following an initial increase. In parallel, the efficiency distribution showed a development situation from a sharp peak to a wide peak, and returned to a 
We incorporated the efficiency values of each province and city in Equation (6) using SPSS 19.0 (Chicago, IL, USA) software to evaluate the hierarchical clustering (see Figure 6 for results). The 11 coastal provinces and cities were separated into three categories: high efficiency, low efficiency, and greater changes in efficiency, based on the hierarchical cluster ( Figure 6 ). The classification results of Figure 6 and the efficiency changes shown in Figure 4 , we show that Liaoning, Shanghai, Jiangsu, Zhejiang, and Guangdong belong to a low efficiency group of 0.4-0.6, with a small change in scope (i.e., <0.2). Tianjin, Hebei, Guangxi, and Hainan belong to a high efficiency group of >1.0, with a greater change in scope (0.4). Shandong and Fujian belong to a high efficiency group (average of 0.8 and 0.7 for Fujian and Shandong, respectively), with the largest change in scope (with extremes of 0.48 and 0.03 in Fujian and 0.70 and 0.12 in Shandong).
While the results were divided according to the trend of change in the variables (Figure 6 ), the results minimally differed to those obtained for variable size. This phenomenon showed that the efficiency of China's coastal areas is basically stable, with large fluctuations being rare. Furthermore, the four provinces and cities with the highest efficiency were located at the ends of the northern (Bohai Sea Ring) and southern (South China Sea) coastal areas, respectively. These four provinces and cities radiate far inland, and have the geographical advantages of trade with China's neighbors, which contribute to their high efficiency.
Conclusions and Suggestions
At present, most studies evaluating sustainable development are based on the evaluation score of the index system. The DPSWR framework represents an important evaluation method of this index system because it incorporates welfare. However, for regions with similar evaluation results (e.g., Figure 4) , the efficiency analysis helps guide policy-makers and environmental protectors on the direction of sustainable development. In parallel, The DEA model is widely used for evaluating efficiency, but is subject the indicators being selected, with grey correlation and principal component analysis failing to resolve this issue of comprehensive selection. In contrast, the DPSWR framework provides a good foundation for selecting reliable indicators for the DEA model.
Here, we used the combined DPSWR framework and DEA model to measure the efficiency of sustainable development in various provinces and cities of China's coastal areas. Four provinces and cities (Tianjin, Hebei, Guangxi, and Hainan) were found to be relatively effective. Fujian was The 11 coastal provinces and cities were separated into three categories: high efficiency, low efficiency, and greater changes in efficiency, based on the hierarchical cluster ( Figure 6 ). The classification results of Figure 6 and the efficiency changes shown in Figure 4 , we show that Liaoning, Shanghai, Jiangsu, Zhejiang, and Guangdong belong to a low efficiency group of 0.4-0.6, with a small change in scope (i.e., <0.2). Tianjin, Hebei, Guangxi, and Hainan belong to a high efficiency group of >1.0, with a greater change in scope (0.4). Shandong and Fujian belong to a high efficiency group (average of 0.8 and 0.7 for Fujian and Shandong, respectively), with the largest change in scope (with extremes of 0.48 and 0.03 in Fujian and 0.70 and 0.12 in Shandong).
Here, we used the combined DPSWR framework and DEA model to measure the efficiency of sustainable development in various provinces and cities of China's coastal areas. Four provinces and cities (Tianjin, Hebei, Guangxi, and Hainan) were found to be relatively effective. Fujian was relatively effective too, whereas Liaoning, Shanghai, Zhejiang, and Guangdong had low effectiveness, along with The results of some studies using DEA to calculate efficiency are often very large in a short period of time; however, this is not consistent with the actual situation. If there is no major economic turmoil or policy support, efficiency in a short period of time cannot result in a large change. Large variation in efficiency values is mainly caused by large variation in the selected indicators; thus, it is more valuable for choosing more comprehensive evaluation indicators. According to the efficiency of DPSWR indicators, efficiency in a short period of time was mostly maintained at the same level in this study, which is closer to the actual situation. The classification result of the spatial analysis and according to efficiency value size were similar, despite changes to the classification of variable. Thus, this technique will help direct policy-makers by providing more accurate and comprehensive efficiency results, ensuring focus is correctly placed on low efficiency areas or area with major changes in efficiency.
To enhance efficiency, output must be improved and input reduced. We should reduce input to reduce the input of driving forces, pressure, and response. However, we should also improve the level of state and welfare, which is the output of the efficiency. The augmentation of the driving force and the response provides positive support for the increase in state and welfare. Therefore, to improve efficiency, we must allocate reasonable driving force and response factors. In parallel, we must reduce the consumption of energy and environmental resources, which are indicators of pressure. As the output, the internal elements of state and welfare should be increased with emphasis, rather than being based on the average distribution of limited resources in the different areas with respect to the degree of importance. For instance:
Driving force. Population density accounts for a very large proportion (34%). China's coastal areas support high population densities. To ease this problem, we must increase the driving effect of the economy from coastal provinces and cities to inland provinces and cities, facilitating a shift in the population to inland provinces and cities. To improve efficiency, we should reduce the number of people and improve the quality of life of the population, both physically and mentally, by increasing investment in education and health. Tourism and urbanization are important for sustainable development, and must continue to be improved and strengthened, despite representing a small percentage in DPSWR. In addition, there is a small gap between the percentage of fisheries and aquaculture, which should be utilized by reducing fisheries and promoting the development of aquaculture.
Pressure. Each pressure indicator was associated with the environment or energy consumption. Thus, to improve the efficiency, we must reduce the input of these indicators. Based on the weight of each indicator, we know how to reduce the consumption of these categories. For energy consumption, GDP energy intensity represents the largest percentage, and is calculated from standard coal consumption. In contrast, the percentage of per capita electricity consumption is the smallest. Thus, we should reduce the consumption of standard coal, and use electricity or other cleaner sources of energy instead. Per capita water use also accounted for a certain percentage; thus, we should strengthen water saving education, and improve the way of water use, to reduce overall water consumption. The percentage of two indicators in environmental consumption, wastewater discharge and solid waste discharge, was also very large. Strengthening waste water purification technology and improving the comprehensive utilization of solid wastes is imminent.
Response. Revenue generated by marine scientific research institutions, marine reserves in coastal regions, and international tourism (foreign exchange) income accounted for the largest response percentage. However, these three indicators are the main responses to promote sustainable development as inputs. Therefore, we should continue to increase investment in science and technology, environmental protection, and openness to improve the efficiency. The degree of contribution of the marine industry, wastewater treatment rate, and education status accounted for the smallest response percentage. Despite the increased amount of these three response indicators, they had a small effect at improving efficiency, but did contribute towards improving the overall level of sustainable development. Therefore, we should continue to increase investment in the marine industry for overall economic support, as well as improve the wastewater treatment rate and increase investment in education.
State. Two indicators for evaluating the social state, HDI and the Gini coefficient, accounted for 36% of state; thus, strengthening policy support of social parameters is particularly important, especially for the improvement of the Gini coefficient, which means promoting social justice. The percentage of the Gross Ocean Product in the Gross Regional Product accounted for 20% of state; thus, continuing to strengthen the construction of the marine industry is important for improving sustainable development. In addition, the percentage of marine tertiary industry specific gravity was greater than the marine secondary industry specific gravity; thus, transferring the percentage of the marine tertiary industry to the secondary industry, and optimizing the industrial structure, could improve efficiency.
Welfare. The per capita Gross Ocean Product accounted for the largest percentage of welfare, and was greater than the sum of the percentage of any other two indicators combined. Therefore, it is important to improve the per capita Gross Ocean Product to enhance welfare. We must broaden marine innovation and investment channels, optimize industrial structure, promote the development of high-tech industry to construct the whole industrial chain of the innovation network for the marine environment, and promote the upgrading and transformation of the whole industrial chain. Per capita marine ecosystem services also accounted for more than a quarter of the percentage, thereby increasing investment in environmental protection. Furthermore, the supervision of environmental protection policies must be strengthened.
